A variety of small-area statistical models have been developed for health surveys, but none are sufficiently flexible to generate small-area estimates (SAEs) to meet data needs at different geographic levels. We developed a multilevel logistic model with both state-and nested county-level random effects for chronic obstructive pulmonary disease (COPD) using 2011 data from the Behavioral Risk Factor Surveillance System. We applied poststratification with the (decennial) US Census 2010 counts of census-block population to generate census-block-level SAEs of COPD prevalence which could be conveniently aggregated to all other census geographic units, such as census tracts, counties, and congressional districts. The model-based SAEs and direct survey estimates of COPD prevalence were quite consistent at both the county and state levels. The Pearson correlation coefficient was 0.99 at the state level and ranged from 0.88 to 0.95 at the county level. Our extended multilevel regression modeling and poststratification approach could be adapted for other geocoded national health surveys to generate reliable SAEs for population health outcomes at all administrative and legislative geographic levels of interest in a scalable framework.
National health surveys in the United States provide a critical cost-effective way to generate suitable statistics for measuring and monitoring national/state population health, but they do not have statistically sufficient samples to produce direct survey estimates for most counties or subcounty areas. In addition, population health data collection and surveillance systems are largely based on administrative geographic units (city, county, or state), so population health outcome data are not often available for legislative geographic units, such as congressional districts and state legislative districts. Thus, small-area estimation techniques (1) , especially the statistical model-based approaches (2) , have been extensively applied to national or state health surveys to generate reliable small-area estimates (SAEs) and to meet local data needs for public health program planning and evaluation.
Small-area statistical models, both unit-level and arealevel, have been developed for the Behavioral Risk Factor Surveillance System (BRFSS), which was originally designed for reliable state-level survey estimates, for a variety of health outcome estimates at the county level (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) and zip-code level (14) (15) (16) (17) . Unit-level models use individuallevel data from the BRFSS as outcomes, and area-level models use aggregated county-level estimates from the BRFSS as outcomes (3, 5, 11) . These models have aimed to generate county or zip-code estimates only and have lacked the flexibility to simultaneously generate SAEs of multiple geographic units, such as congressional districts and local neighborhoods (census tracts). Congdon (14) adapted a flexible Bayesian multilevel logistic model to the BRFSS for zip-code-level estimates, but the model ignored important county context effects (county random effects) on health outcomes (14, 15) . Gelman and Little (18) and Park et al. (19) developed the multilevel regression and poststratification (MRP) approach for small-area estimation using national polling data. The MRP approach took both demographic and geographic characteristics into account; both internal split-sample and external validation showed that MRP with national polling data could generate more accurate and reliable state or congressional district estimates than direct survey estimates of public opinion outcomes (20, 21) . We expect that the combination of the powerful model inference and prediction of MRP and the flexibility of Congdon's unit-level multilevel model, with a large sample of BRFSS data, could generate accurate and reliable SAEs at various geographic levels.
Thus, our main goal in this paper was to develop a more flexible unit-level multilevel model based on the (single-year) 2011 BRFSS data and apply poststratification with the (decennial) US Census 2010 counts of census-block population to generate census-block-level SAEs of population health outcomes. We used a unit-level, as opposed to an area-level, multilevel model for small-area estimation, because unit-level models are usually a better alternative in terms of model flexibility and avoiding the ecological fallacy (22) . We used a single year because the temporal trend of population health outcomes over multiple years could introduce additional bias in the SAEs, and we also chose a single year in order to assess the feasibility of producing reliable annual SAEs from each BRFSS survey year. We chose the census block, the smallest basic unit of census geography (23), because census-block-level SAEs of health outcomes could be easily aggregated to meet data needs for larger census geographic units, such as census tracts, counties, and congressional districts. Since state and local health researchers and practitioners are more familiar with statistical programming and analysis in SAS (SAS Institute, Inc., Cary, North Carolina), we implemented this unit-level multilevel logistical mixed model with both individual-level fixed effects and county-level and state-level random effects using the GLIMMIX procedure in SAS 9.3; and we fitted this mixed model by maximum likelihood with Laplace approximation, which typically exhibits better asymptotic behavior and less small-sample bias than GLMMIX's default pseudolikelihood estimators (24) .
We selected chronic obstructive pulmonary disease (COPD) as the individual health outcome because chronic lower respiratory disease ( primarily COPD) has emerged as the third leading cause of US death since 2008 (25) and because evidence suggests that there exist state-level variations in COPD prevalence (26) , Medicare hospitalizations for COPD (27) , and COPD deaths (28) .
METHODS

Data sources
We used the following 2 data sources in this paper: the BRFSS (2011 data) and US Census 2010. The 2011 BRFSS survey had a sample size of 497,967 persons aged ≥18 years in the 50 states and the District of Columbia. After removal of records with missing values for age (n = 4,903), race/ethnicity (n = 4,252), residential county (n = 108), and self-reported COPD (n = 3,811), 485,594 records remained. State-level sample sizes ranged from 3,349 (Alaska) to 25,075 (Nebraska), with a median of 8,258 (Indiana). The final sample included data from 3,124 counties (99.4% of 3,143 US counties), with 1,630 counties having a sample size of 50 or greater. Geographic coverage and large sample size make the BRFSS the most popular, and sometimes the only, data source for obtaining county or subcounty SAEs. Publicly available US Census small-area population and socioeconomic data are other important administrative data necessary for small-area estimation.
The BRFSS. The BRFSS compiles data from a statebased random-digit-dialed telephone survey of the noninstitutionalized US adult population aged ≥18 years. The survey is administered annually to households with landlines or cellular telephones by state health departments in collaboration with the Centers for Disease Control and Prevention. The median survey response rate in 2011 for all states and the District of Columbia was 49.7%, and response rates ranged from 33.8% to 64.1% (29) .
Individual-level self-reported data were extracted from the 2011 BRFSS survey, including data on individual health outcomes and covariates. The following question on COPD diagnosis was introduced in the 2011 BRFSS core questionnaire: "Has a doctor, nurse, or other health professional ever told that you had chronic obstructive pulmonary disease (COPD), emphysema, or chronic bronchitis?" A binary variable (1 = yes; 0 = no) was based on the response to this COPD question, excluding persons who refused or did not know.
Individual covariates included individual respondents' age (18-24, 25-29, 30-34, 35-39, 40-44, 45-49, 50-54, 55-59, 60-64, 65-69, 70-74, 75-79, or ≥80 years), sex (male or female), and race/ethnicity (non-Hispanic white; non-Hispanic black; American Indian or Alaska Native; Asian; Native Hawaiian or other Pacific Islander; other single race; 2 or more races; or Hispanic), as well as sampled subjects' residential counties and states.
Census 2010 and the American Community Survey. Census block-level data corresponding to BRFSS age × sex × race/ethnicity cross-tabulated categories were extracted from Census 2010, resulting in 208 demographic categories for each census block. Five-year estimates from the American Community Survey provide up-to-date sociodemographic data for census tracts and block groups that are needed for incorporating local community contexts, such as poverty. We used census-tract-level and county-level poverty rates (under 150% of the federal poverty level) from the most recent American Community Survey 5-year estimate (2007) (2008) (2009) (2010) (2011) .
Direct survey estimates
The unadjusted weighted prevalences of COPD and 95% confidence intervals were obtained from the BRFSS for population subgroups defined by selected characteristics (age, sex, and race/ethnicity) using SAS-callable SUDAAN 11.0.0 (Research Triangle Institute, Research Triangle Park, North Carolina). Data were weighted using the new raking methods (30) . The BRFSS sampling strata, final weights, and primary sampling units were used to calculate direct survey estimates of overall COPD prevalence in SUDAAN for the entire United States, for all 50 states and the District of Columbia, and for those counties with at least 50 valid subjects.
Model specification
Our unit-level multilevel logistic model for COPD followed the general format of generalized linear mixed models: y = Xβ + Zα + ε. Specifically, the probability of self-reported COPD (P ijkcs ) was assumed to be associated with 3 level-related factors-individual, county, and state-via a logit link:
In this 3-level logistic regression model, Y ijkcs is self-reported COPD status (1 = yes; 0 = no) for an individual of age group i (i = 1-13), sex j ( j = 1, 2), and race/ethnicity k (k = 1-8) from county c in state s; α i , β j , and γ k are the regression coefficients corresponding to age group i, sex j, and racial/ethnic group k, respectively; and all individual-level data on COPD status, age, sex, race/ethnicity, and their corresponding county and state identifiers are from the BRFSS. x c is the vector of county-level covariates, and η is the vector of corresponding regression coefficients. County-level factors are usually from data sources other than the BRFSS. For simplicity, we included only county-level poverty status from American Community Survey 2007-2011 in the model, since economic poverty is a robust factor associated with local health disparities (31, 32) . μ c , v s , and e ijkcs are the county, state, and residual random effects; all 3 random effects are assumed to be independent and normally distributed. We refer to equation 1 as the multilevel prevalence model.
County-level random effects statistically account for county-level correlations among individual observations in model-fitting; epidemiologically, they represent county-level contextual effects on health outcomes. County-level random effects may become insignificant if we explicitly include all relevant county-level risk factors in the model. However, data on many important county-level factors associated with health outcomes are unavailable. A more complex situation is that the same factor could have differential impacts on health outcomes in different counties, and the important factors for a health outcome could be very different between counties. County random effects allow us the flexibility to incorporate county-level contextual effects while not imposing a universal impact of 1 county-level factor on health outcomes of interest. Similar statements also apply to state-level random effects in the model. We fitted the above multilevel prevalence model using the procedure GLMMIX in SAS. To account for unequal probability sampling of respondents in the BRFSS, the rescaled weights (RW ijkcs ) were included in the model estimation.
where W ijkcs is the original BRFSS weight and Σ S W ijkcs and N s are the sum of total original weights and total sample sizes for state s, respectively. We rescaled the weights by state to reflect the reality that BRFSS data represent a group of independent state-based surveys. We rescaled the weights because GLIMMIX's WEIGHT statement treats its weight variable as a frequency weight. Therefore, had we included BRFSS original weights in the GLIMMIX WEIGHT statement, GLIMMIX would have fitted the models with a sample size equivalent to the total sample weights of the BRFSS data set in the analysis (more than 200 million), which would have significantly underestimated the standard errors associated with model parameters. Thus, we rescaled the original weights to ensure that the sum of rescaled weights equaled the sample size of the final BRFSS data set in the analysis. We also ran analyses from this model without BRFSS weighting to see whether the SAEs from the unweighted model had larger bias than those from the weighted one.
Model prediction
Individual-level expected probability of COPD. From the multilevel prevalence model above, we obtained model parameters for 13 age categories, 2 sex categories, and 8 racial/ethnic categories, county-level poverty, and county-and state-level random effects. We defined county-level random effects for those counties without samples ( μ i c Þ by spatially smoothing their neighboring counties' random effects ( μ j c Þ:
where N j is the number of spatially adjacent counties for county i. We applied the model parameters from the multilevel prevalence model (equation 1) to census-block-level population counts to construct the multilevel prediction model (equation 3). To obtain the individual expected COPD risk for all age, sex, and racial/ethnic groups in all census blocks for all counties within all states, we take
where P b ijkcs is the predicted COPD risk for an individual of age group i, sex j, and racial/ethnic group k in census block b within county c and state s. In Census 2010, we know the population count by age, sex, and race/ethnicity in a census block, as well as its corresponding census-tract-level and county-level poverty rates from American Community Survey 2007-2011. Thus, when we construct the multilevel prediction model, we usually use county-level poverty multiplied by the regression coefficient of county-level poverty (η) to make predictions, but we could also use tract-level poverty multiplied by the regression coefficient of county-level poverty (η) to make predictions. In the multilevel prediction model (equation 3), all of the individual-level age, sex, and race/ethnicity data and their county and state identifiers were from Census 2010. In order to account for the impact of local community poverty on COPD, we replaced the county-level poverty rate (x c ) with the census-tract-level poverty rate (x b ) in the multilevel prediction model (equation 3). Here we assumed that the impact of county-level poverty (measured by the regression coefficient of county-level poverty) could be linearly transformed to the census tract level. We used continuous poverty rates to reflect the larger variation of poverty rates observed at the census tract level and to better reflect their local impact on COPD outcome. Thus, an individual's predicted COPD risk was adjusted for individual age, sex, and race/ethnicity and further adjusted for local community (census tract) poverty status and county-and state-level contextual effects. 
where Pop b ijkcs is the population size (count) at the census block level for a person of age i, sex j, and race/ethnicity k in census block b, county c, and state s and Pop b cs is the total population in census block b, county c, and state s. The census-block-level SAEs could then be conveniently aggregated to obtain the SAEs (P g ) for any larger units of census geography as follows:
where N is the number of census blocks for the target geographic units (g), such as census tracts, zip codes, counties, and congressional districts. Thus, by predicting the individual-level expected risk of COPD for populations within the lowest geographic unit (census block), we could obtain SAEs of COPD prevalence for any geographic units of interest. We then randomly drew 1,000 samples of the model parameters from their estimated conditional distributions and generated a sample of 1,000 SAEs for each census-blocklevel COPD prevalence by age, sex, and racial/ethnic group. We empirically constructed point-prediction mean values and 95% confidence intervals and standard errors from this sample of 1,000 for the SAEs for census blocks and any other units of census geography.
Comparing model-based SAEs and direct survey estimates
It is important to evaluate both the internal and external validity of our model-based census-block-level SAEs. We lacked comparable existing subcounty-level data with which to assess the reliability of SAEs of COPD prevalence. Here we borrow a key concept from benchmarking small-area estimation: SAEs, when aggregated to a higher geographic level, should be consistent with direct estimates from the original survey and should have reliable inferential accuracy (33) . Substantial differences between aggregated modelbased SAEs and the corresponding direct survey estimates for a desirable large geographic area by original survey design would suggest the misspecification of small-area models. Because the BRFSS was designed to generate reliable state-level estimates, consistency of state-level aggregated model-based SAEs and direct survey estimates should be expected if our small-area model is valid. The BRFSS has a large set of counties with a large sample size of 50 or more. The agreement between county-level model-based SAEs and direct estimates for these counties should also be consistent. Therefore, we compared the model-based SAEs with the corresponding direct estimates for all states and for the counties with a sample size of 50 or more. In addition to basic descriptive statistics, we used the correlation coefficients and mean squared errors and mean absolute differences to evaluate the consistency between model-based SAEs (m i ) and direct survey estimates (s i ). The mean squared error is defined as 1=N P N i¼1 ðm i À s i Þ 2 and the mean absolute difference as 1=N P N i¼1 jm i À s i j, where N is the number of counties or states in the comparison.
RESULTS
BRFSS direct survey estimates and model results
The unadjusted observed prevalence of COPD in the BRFSS sample was 6.36% (Table 1 ). The prevalence of direct survey estimates differed between groups defined by sex, age, and race/ethnicity. Men had a lower COPD prevalence than women; the prevalence increased among successive age groups; and American Indian/Alaska Native and multiplerace groups had a higher prevalence than other racial/ ethnic groups. These differences were also observed in the multilevel model that resulted in SAEs (Table 2 ). In addition, county poverty status also had a significant influence on model-based estimates of COPD: Persons living in a county with higher poverty rates experienced significantly higher COPD ( Table 2) . As expected, state-and county-level random effects confirmed the significant impact of both stateand county-level contextual environments ( Table 2 ).
Comparison of model-based SAEs and direct survey estimates
We compared model-based SAEs and BRFSS direct survey estimates at both the county and state levels ( Table 3) . For 1,630 counties with a sample size of 50 or more (more than half of 3,143 US counties), the Pearson correlation coefficient for the correlation between their model-based SAEs and direct survey estimates was 0.878; it increased to 0.912 when weighted by the county BRFSS sample size (Table 3) . For 563 counties with a sample size of at least 50 and direct survey estimates with a coefficient of variation no greater than 0.3, the Pearson correlation coefficient was 0.940, and it increased to 0.959 when weighted by the county BRFSS sample size ( Table 3 ). The Pearson correlation coefficient for correlation between state-level model-based SAEs and direct survey estimates was 0.997 (Table 3) . Spearman rank correlation coefficients and concordance correlation coefficients for the correlation between model-based SAEs and direct survey estimates yielded similar patterns (data not shown). Table 4 presents the basic summary statistics for these model-based SAEs and direct estimates. At the state level, both model-based SAEs and direct estimates had roughly equivalent minimum, median, and maximum values and interquartile ranges (Table 4) . Compared with direct survey estimates, the corresponding county-level model-based SAEs had much smaller variations in COPD prevalence; the mean squared errors and mean absolute differences of modelbased SAEs (direct survey as benchmarks) were 5.00% and 1.51%, respectively, for 1,630 counties with a sample of at least 50; they decreased further to 2.87% and 0.89% for those counties with a sample size of at least 50 and a direct survey estimate coefficient of variation of no more than 0.30. They were 0.02% and 0.11% at the state level.
Geographic variations in COPD prevalence
Model-based COPD prevalence varied widely across different geographic units. The model-based national estimate was 6.33%, which is consistent with the crude COPD prevalence in Table 1 and prevalences reported earlier (26) . The overall ranges were smaller at more aggregated levels of census geography: 0.41%-61.01% for census blocks, 1.02%-33.20% for census tracts, 2.31%-26.32% for counties, 2.85%-13.43% for congressional districts, and 4.13%-9.93% for states (Table 4) .
The maps of COPD prevalence depicted more detailed geographic variations in COPD prevalence across the United States at different geographic levels (Figures 1-3) . Figure 1 demonstrates the county-level model-based prevalence, which shows variation in clustering of high COPD prevalence within states. Figure 2 depicts the model-based COPD prevalence by congressional district; this estimation shows geographic clustering of high and low levels that almost entirely covers some states. Estimation at the census-tract level in Figure 3 provides greater details about clustering at more local levels.
DISCUSSION
We generated census-block-level estimates of COPD prevalence via a unit-level multilevel logistic model with the use of BRFSS and Census 2010 population data. We modified the original MRP and enhanced its inference power by combining a large health survey with the best available small-area population data (14, 18) . The high correlations between county-and state-level model-based estimates of COPD prevalence and their corresponding direct survey estimates support the accuracy of our SAEs. Our multilevel approach to small-area estimation with BRFSS data has great flexibility for producing SAEs with a variety of geographic units, from local neighborhoods to congressional districts. These SAEs could be very useful in a variety of contexts and could meet the diverse small-area health data needs of local policy-makers, program planners, and communities.
Our unit-level multilevel logistic model included both state-and nested county-level random effects to take both statewide and countywide contextual effects into account. In previous studies with BRFSS data, county random effects were ignored or dropped, mainly for reasons of simplicity (10, 14, 15) . In our study, significant county-level random effects still existed after adjustment for individual-level demographic factors, as well as county-level poverty status. Thus, distinct county-level geographic contextual effects on COPD prevalence seem not to be explainable by local demography alone. MRP ignores the individual survey weights in the model estimation and assumes that later poststratification using small-area populations could overcome the bias from ignoring survey weights (18, 19, 21) . However, the Pearson correlation coefficients for correlation between the SAEs based on the model without rescaled BRFSS survey weights and direct survey estimates became smaller at both the county and state levels (Table 3) ; thus, the unit-level multilevel model without BRFSS weighting may introduce some bias into SAEs.
Several limitations should be noted. First, our model did not directly address the BRFSS stratification, and state-and county-level random effects did not fully incorporate the BRFSS strata into model-fitting. Second, our model did not account for spatial correlations between counties or states, which could be conveniently handled in a full Bayesian approach (14, 18) . Third, the transformation of contextual factors between county and census tract may be more complex than we assumed in our model. Further research on this crosslevel inference (bias and uncertainty) is needed.
We believe that the methodology proposed in this paper can provide a useful tool for public health practitioners to create SAEs using BRFSS data. We employed a relatively parsimonious model for COPD. The unit-level multilevel model could be easily modified for any other BRFSS health outcome, and its performance could be further improved by introducing more geodemographic factors relevant to specific population health outcomes of interest. Finally, our extended multilevel regression modeling and poststratification approach could be adapted for other geocoded national health surveys to generate reliable SAEs for population health outcomes at all administrative and legislative geographic levels of interest in a scalable framework. 
